RNA three-dimensional (3D) structure is critical for RNA cellular functions. For example, the 3D structure of a microRNAtarget complex is crucial for the binding affinity and the efficacy of the microRNA in gene regulation by silencing the mRNA in the 3 0 untranslated region (UTR). 1,2 The widespread biological significance of RNA 3D structures draws a strong demand of structure determination from the sequence. However, the laborious, time-consuming structural measurements alone cannot catch up the pace with the increasing number of biologically significant RNAs such as regulatory RNAs. Therefore, RNA structural genomics cannot just rely on experimental determination of the structures. We also need a reliable theoretical/ computational method for structure determination.
' INTRODUCTION
RNA three-dimensional (3D) structure is critical for RNA cellular functions. For example, the 3D structure of a microRNAtarget complex is crucial for the binding affinity and the efficacy of the microRNA in gene regulation by silencing the mRNA in the 3 0 untranslated region (UTR). 1, 2 The widespread biological significance of RNA 3D structures draws a strong demand of structure determination from the sequence. However, the laborious, time-consuming structural measurements alone cannot catch up the pace with the increasing number of biologically significant RNAs such as regulatory RNAs. Therefore, RNA structural genomics cannot just rely on experimental determination of the structures. We also need a reliable theoretical/ computational method for structure determination.
Recent developments in de novo prediction of RNA 3D structures have led to promising results. 3À17 Several of these methods are based on knowledge-based scoring functions in combination with atomistic computations or input from auxiliary experimental results about the structure. For example, the FARNA model can predict the 3D structures for hairpins, duplexes, and pseudoknots for short sequences of length e30 nts. 9 Recently, the model 13 was extended to predict the highresolution structures for the different types of base pairs as defined by Leontis and Westhof 6 and for large RNAs with the experimentally determined structural constraints as input information. 7 In another model (MC-Fold/MC-SYM pipeline), the 3D structures for a variety of RNA 3D folds from hairpins to structures with junctions and pseudoknots 10 can be predicted. These methods are highly useful for structures with known homologous folds or large structures with available auxiliary structural data. In addition to knowledge-based free energy approach, computer simulations 3,18À23 and phylogenetic analysis 24 have also proven to be useful for structure prediction. For example, molecular dynamics simulation can predict a 75-nt tRNA structure with 4.0 Å rmsd. 4 In general, purely bioinformatics-based methods can be quite efficient and effective in predicting the native structure from a near-native structural ensemble.
Here we develop a physics-based method to predict RNA 3D tertiary folds from the sequence without using the experimental constraints as input information. At the center of theory is the calculation of the free energy landscape from RNA sequence. The free energy landscape gives not only the native state as the global minimum but also the metastable states as the local minima. Such information is essential for understanding RNA functions. Many important RNA structures have been solved, 25, 26 but the ability to predict RNA functions 27 from these native structures remains limited. This is partly because RNA functions are often determined not only by the native state but also by the conformational switches between the different states.
28, 29 For example, gene expression in RNA viruses is often known or proposed to be linked to structural changes between alternative or competing RNA conformations. 30 In another example, a U2 spliceosomal small nuclear RNA (snRNA) molecule can undergo seven different structural rearrangements, several of which are catalytically important. 31 Therefore, one of the key issues in modeling RNA functions is the prediction of the free energy landscape, from which we can predict the stable structures, folding stabilities, and structural changes.
Following the different levels of structural complexity, we develop a multiscaling approach to predict RNA free energy landscapes and 3D structures from the sequence. We start with 2D structures, which are defined by the assignments of bases pairs formed in the structures. From the free energy landscape for the ensemble of (2D) structures, we identify the low free energy (2D) structures. For each low free energy state, we construct a 3D coarse-grained structure as a scaffold based on the fragments selected from the structural database. We then add all atoms to the coarse-grained scaffold. Finally, we run AMBER energy minimization to compute the final atomistic 3D structure.
In contrast to the previous de novo methods, our method is built upon the free energy landscape, especially for conformations that contain cross-linked contacts (base pairs), also called tertiary contacts. We call structures with/without cross-linked contacts (base pairs) as tertiary/secondary structures. 32 Previous free energy-based RNA folding models mainly focus on the 2D secondary structures, and these models have led to many successful predictions. 33À38 For example, free energy minimization of the 2D structures can predict the helical coaxial stacking in multibranched structures. 39 In contrast, due to the difficulty to account for the effect of the nonlocal correlation between the different structural subunits (helices, loops), the ability to predict RNA tertiary structural folding, at either 2D or 3D structural level, is quite limited. In the present study, we simplify the conformational analysis by using a reduced RNA conformational model (virtual bond model) and based on the reduced conformational model, we develop a theory to evaluate the conformation entropy for RNA tertiary folds.
There are several advantages for the structure prediction method developed here. First, the method is based on statistical mechanical calculations for the conformational entropy for RNA tertiary folds. To date, no such computational method has been applied to compute the conformational entropy for RNA tertiary folds. Second, the energy landscape approach can potentially map out all the low-lying 3D structures. Third, we use the coarsegrained structure as the initial state for the all-atom energy minimization, which can significantly enhance the computational speed compared to other simulational methods. 40 Extensive benchmark tests against other de novo methods suggest that the new model developed here leads to much improved accuracy in 3D structural prediction. Moreover, the model enables predictions of large conformational changes which can be biologically significant. 31, 41, 42 To illustrate the applications of the model, we predict the 3D allatom structures for a set of complex tertiary folds and for the conformational switches for the dimerization initiation signal (DIS) of HIV-1 strain Lai kissing complexes and for the catalytic core in yeast U2ÀU6 small nuclear RNA (protein-free) complexes.
' THEORY AND MODEL A Virtual Bond-Based RNA Folding Model (Vfold Model) . Based on the rotameric properties of RNA backbone, 43À45 we describe each nucleotide by 3-vector virtual bonds (see Figure 1a ) 46 instead of the original seven torsional angles while keeping the realism of the conformational complexity and freedom. The three-vector model is an extension of the original two-vector virtual bond model for nucleic acid structures. 43, 46 The reduced conformational complexity enables conformational sampling through exact enumeration for the conformations and analytical calculation for the conformational entropy. 46, 47 Both the conformational entropy calculation and the construction of a 3D scaffold require the construction of virtual bond structures from the 2D structures (base pairs). We model a helix stem as an A-form RNA helix using the experimentally determined atomic coordinates. 48 For loops, which can be flexible, we use the usual gauche þ (g þ ), trans (t), and gauche À1 (g
À1
) rotational isomeric states for polymers 49 to sample the backbone conformations. The fact that the three isomeric states can be exactly configured in a diamond lattice 38 suggests that we can effectively generate loop conformations through random walks of the virtual bonds on a diamond lattice; see details in the Supporting Information about the loop entropy calculation. In the current stage, we can exhaustively enumerate the conformations for a loop e14 nt.
Free Energy Model and 2D Structural Prediction. The free energy of a (2D) structure is estimated as ΔG = ∑ helices ΔG helix À TΔS loop , where the first term is the free energy of the helices and the second term is the loop free energy. The free energy for a helix ΔG helix is evaluated from the sequence-dependent empirical thermodynamic parameters. 50 A 2D structure can correspond to a large number of 3D structures due to the multiplicity of loop conformations. The loop entropy is estimated as ΔS loop = k B lnΩ/Ω coil , where Ω and Ω coil denote the numbers of loop and coil conformations, respectively. The above virtual bond conformational model (the Vfold model) allows computation of the loop entropy through enumeration of the random walks of the virtual bonds in a diamond lattice. 38 For a tertiary fold, which involves cross-linked loop-helix connections, the conformational entropy ΔS loop is nonadditive. This is because for cross-linked loop-helix connections, loop conformations span across helices, causing loop conformations The predicted all-atom structure (purple blue) and the experimentally determined structure (sand). The rmsd over all heavy atoms is 4.2 Å.
The Journal of Physical Chemistry B ARTICLE to be constrained by the volume exclusion from the nearby helices. An advantage of the Vfold model is that it allows us to enumerate loop conformations by accounting for the excluded volume effect from the nearby helices. We then estimate ΔS loop for a given structure as the sum of the entropy of each constituent loop of the structure. Such a strategy has led to reliable prediction for the folding thermodynamics and structure for a variety of systems such as RNA secondary structures, pseudoknots, and simple molten globule-like folds 46, 47 To predict the free energy landscape and the structure for a given sequence, we first generate an ensemble of 2D structures. In the current form of the theory, the ensemble includes pseudoknot structures and (nonpseudoknotted) secondary structures. We evaluate the free energy for each 2D structure Das and Baker (2007) . 9 We use the hairpin, duplex, and pseudoknot structures in Das and Baker 9 as the test cases. The RMSDs are calculated over the C 4 atom in the backbone. (b) and (c) Comparison of the RMSDs between our 3D model and the model from Parisien and Major (2008) . 10 We use the hairpins and pseudoknots in Parisien and Major (2008) as the test cases. The RMSDs are calculated over all heavy atoms. We use the online tool "http://www.major.iric.ca/MC-Fold/" to test the accuracy of Parisien and Major's model and calculate the rmsd for the top predicted structure as well as the mean rmsd over the top five predicted structures. In the calculation, the temperature is set to 25°C. 9 For others, the rmsd is calculated over all heavy atoms.
The Journal of Physical Chemistry B ARTICLE using the above Vfold-based method. In the 2D structure prediction, we consider terminal mismatches in the loops. While the energetic parameters of mismatches can be determined from the Turner rule, 50 the dramatic entropic decrease caused by the formation of mismatches are evaluated from our Vfold model. Moreover, we consider the energy contributions from a singlebulge loop and small internal loops (1 Â 1) using the empirical parameters. 51, 52 From the free energies, we identify the low free energy 2D structures (see Figure 1b for the predicted 2D structure for Yeast tRNA Asp ). This step is critical because a correct 2D structure is a necessary condition for the prediction of a correct 3D structure. A notable advantage of our method here is the ability to treat RNA folds with cross-linked loops and helices.
Fragment-Based Construction of a 3D Scaffold. Based on the predicted 2D structure, we build a 3D scaffold. The 3D scaffold for the free energy minimum serves as an initial state for further structural refinement. To build a 3D scaffold, we model a predicted helix as an A-form RNA helix. Because helix stems are assumed to be rigid, the 3D global fold is determined by the loop/junction structure. As described below, we develop a method to select the optimal loop/junction structures from fragments of the known structures.
First, we build a structural template database. We download the complete 1476 PDB structures (http://www.rcsb.org/) and classify the structures according to the different motifs such as hairpin loops and internal/bulge loops, 3-way junctions, 4-way junctions, and pseudoknots. Second, we search for the optimal structural templates for the loops/junctions in the predicted 2D structure (see colored nucleotides in Figure 1b) . We use the hairpin loop L1 (UAAUGGUCAG) in Figure 1b to illustrate our search strategy. We screen the database for hairpin loops of the same length. The optimal fragment template is the one with the minimum values of h 1 , the number of the different nucleotides between L1 and the template candidate. Often this criteria leads to two or more templates. In order to distinguish these templates, we further apply the second criteria below. We define parameter h 2 : h 2 = ∑ i h 2 i , where h 2 i is the hamming distance between nucleotide i in the selected fragment and the corresponding nucleotide in L1 through the following substitution cycles: AfGfCfU, CfUfAfG, GfAfUfC, and UfCfGfA. We find that the best template for L1 has sequence CAAUGGUCAC with h 1 = 2 and h 2 = 4 from the PDB structure 1f7u. 53 In a similar way, we find the optimal templates for hairpin loops L2 and L3 from the PDB structures 1ato 54 and 3cul, 55 respectively. The templates have sequences UCCUCGC and UUCGAAU, respectively, with (h 1 , h 2 ) equal to (2, 4) for both. In rare cases, the templates can result in steric clash in the 3D construct. If this occurs, we will include one or more terminal base pairs of the helix (such as the U13-G22 pair for L1) into the loop sequence until a viable structure is found. For multibranched loops (MBLs), the availability of templates in the PDB database is limited. To effectively enlarge the search space for the fragments, we allow unzipping of the terminal base pairs of the helix stems in order to relax the restriction on the lengths of the loop branches. We then screen all the known MBL structures with the given number of branches and the given length of each branch. We identify the optimal fragment as the one with the minimum (h 1 , h 2 ). Here the h 1 and h 2 values are evaluated as the sum over all the loop branches. 10 For instance, for junction J4 (see Figure 1a) , we find the optimal template as the MBL in the PDB structure 2dr2 56 with the (minimum) (h 1 , h 2 ) values equal to (12, 22 0 for the loop branches between S1 and S2, S2 and S3, S3 and S4, and S4 and S1, respectively (see Figure 1b) .
From the 3D structure of the templates, we extract the coordinates of P, C 4 , N 1 , or N 9 to construct the virtual bonds structures. We then assemble the backbone chain of the loop/junction fragments (L1, L2, L3, and J4 in Figure 1 ) and the helix stems (S1, S2, S3, and S4 in Figure 1 ) using the algorithm reported in ref 57 . This step leads to a 3D (virtual bond) scaffold for the whole structure (Figure 1c) . Because the templates usually contain mutated sequences, we need to revert the sequence to the "wild-type" form before implementing further refinement. The use of the virtual bond structure is ideal for our purpose here because it captures the backbone conformation and sugar-base orientations, which are critical determinants for the success of further structural refinement.
In the above method, we use two strategies to significantly augment the fragment database. First, the fragment templates are selected according to junction/loop lengths (as predicted by the Vfold) instead of the sequence identity. For instance, for the predicted tRNA Asp in Figure 1b , the sequences of the 4-way junction (5 0 AUAGU3 0 , 5 0 AUGG3 0 , 5 0 CAGAUC3 0 , and 5 0 GU3 0 ) are significantly different from the sequences of the selected template (PDB ID: 2dr2). Second, the allowed variations of the junction/loop lengths would further enhance the availability of the fragment database.
The large pool of the known loop/junction structures with the different types and different lengths leads to broad applicability of the model. For instance, our model predicts not only the test cases by Das and Baker 9 and Parisien and Major 10 (see Figure 2 ), but also the pseudoknotted structures such as TYMV and other larger RNA structures (see Figures 4 and 5) .
Unlike the homologous models based on the structural families 58, 59 or the fragment approach based on the short segments of the loops/junctions, 9,10 we use fragments of the whole loop/junction. Our model has several advantages over the traditional sequence homology-based models. as described by other researchers, such as Pardi, Bax, and colleagues. 58 Unlike the homology-based models, the applicability of our model is not limited to homologous structural families. For only 2 (PDB ID: 1cq5 and 1wks) out of the 38 cases shown in Figure 2 , the template is derived from a structure in the same family as the target structure (see also Tables S1 and S2). The template used to build tRNA Asp structure (Figure 1b ) is derived from another tRNA structure since the currently known cloverleaf structure is from the tRNA family. It may require further more extensive tests to verify whether for this tRNA case, we can choose a non-tRNA template to predict the target tRNA structure. We expect the future availability of the tRNA-like 3D structure in TYMV and TMV viruses 60 may provide reliable templates for tRNAs. Atomistic 3D Structural Predictions. Based on the virtual bond structure, we build an all-atom model for the 3D structure (Figure 1c ) by adding the bases to the virtual bond backbone. We first extract the 3D coordinates of nucleotides A, U, G, and C from the known A-form helix structure. These coordinates serve as the templates for base configurations. Second, we add the bases to the virtual bond backbone according to the templates for base configurations.
We then refine the all-atom structure using AMBER energy minimization. First, we performed 2000 steps minimization with 500.0 kcal/mol restraints for all the residues. In the energy minimization, we use the mixture of the steepest descent method and conjugate gradient method. Following the 2000 steps
The Journal of Physical Chemistry B ARTICLE minimization, we run another 2000 steps minimization without restraints. We use a 12 Å layer of TIP3PBOX water molecules to explicitly consider the solvent. In the energy minimization refinement, the backbone charge is neutralized by Na þ . We use the command 'addions' in AMBER 9 to add Na þ until the total charge of the whole system is zero. 61 The nonbonded interactions are cut at 12 Å. The energy minimization is done using the sander of AMBER 9. 61 In the calculation, we use the AMBER force field version ff99 for RNA. 62 We note that there is only a slight change for the rmsd before and after running the AMBER minimization. Figure 1d shows the refined all-atom structure (purple blue). The all-atom rmsd over all heavy atoms is 4.2 Å by comparing with the experimental structure 2tra (sand). 63 The main advantage of the multiscale approach is that the virtual bond tertiary structure as the initial state already lies in the free energy basin, so the all-atom simulations can avoid sampling of large structural rearrangements.
In contrast to the MC-Sym method, 10 our method is based on statistical mechanical calculations for the free energy landscape. In addition, the method for MBL is computationally more efficient. Furthermore, the method is deterministic in giving the optimal 3D structure, while the MC-Sym method outputs an ensemble of 3D structures and does not give the optimal structure without additional structural information (e.g., from experimental measurements).
' RESULTS AND DISCUSSION 3D Structural Prediction. Benchmark Test against Other Models. We test our predictions against two representative de novo 3D structural prediction models: the MC-Fold/MC-Sym model 10 and the FARNA model 9 (see Figure 2) . In MC-Fold/ MC-Sym pipeline algorithm, 3D folds are predicted from 2D structures. Therefore, we first compare the accuracy of our 2D structural prediction model with MC-Fold. 10 We use the sensitivity (SE) and specificity (SP) parameters to measure the prediction accuracy. Here SE (SP) is the ratio between the number of the correctly predicted base pairs and the total number of the base pairs in the experimentally determined (theoretically predicted) structure. The results in Figure S1 of the Supporting Information suggest that our model gives improved predictions than MC-Fold. We attribute the improvement to the rigorous physics-based calculations for the free energy especially the entropy in our Vfold model. 46 Second, we compare our model with the MC-Fold/MC-Sym model 10 and the FARNA model 9 on 3D structural prediction. We use exactly the same sequences that were chosen as showcases in the respective publications for the two models. Figure 2a shows the comparison with the FARNA algorithm. We use the sequences for hairpins, duplexes, and pseudoknots in Das and Baker (2007) 9 for benchmark tests. The rmsd is calculated over all C 4 atoms. In general, our model gives better predictions. The model gives a 0.6 Å improvement on the mean rmsd over the 18 sequences. In addition, our model gives more accurate predictions for 15 sequences except for 1zih, 1kka, and 1kd5. Figure 2b and c gives the results for the comparison with the MC-Fold/MC-Sym pipeline. The test set is adopted from Parisien and Major (2008) . 10 Unlike our model, which can predict the single native structure, the MC-Sym gives an ensemble of 3D structures. Therefore, we calculate the rmsd for both the top one structure and the mean value for the top five structures as predicted from the MC-Fold/MC-Sym algorithm (http://www. major.iric.ca/MC-Fold/). We find that our model gives better predictions for the tested sequences. The mean rmsd for the eleven structures is 3.6 Å for our model, which outperforms 5.5 Å for the top one structure and 5.3 Å over the top five structures from the MC-Fold/MC-Sym pipeline. Especially for the pseudoknot (437d), 64 MC-Fold fails to predict the native structure as shown by the large rmsd >10 Å. In contrast, our model gives a good prediction with rmsd = 2.7 Å for the sequence.
The recent benchmark tests 18 suggest that (a) MC-Fold/MCSym gives more reliable predictions than other molecular dynamics simulation-based models (such as IFoldRNA 3, 65 ) and (b) the FARNA model yields a similar accuracy as that of IFoldRNA. Our benchmark test for IFoldRNA 3, 65 shows an average 5.0 Å rmsd for the 11 cases shown in Figure 2b . The The Journal of Physical Chemistry B ARTICLE accuracy is comparable to that of MC-Fold/MC-Sym (average 5.5 Å based on the top 1 structure and 5.3 Å based on the mean value over top 5 structures). In addition, we find that MC-Fold/ MC-Sym gives better RMSDs for 7 out of 11 cases than IFoldRNA. As a comparison, our model gives an average rmsd of 3.6 Å, and the model gives better predictions for 10 out of 11 tested cases than IFoldRNA.
Our evaluation of the accuracy for 3D structure prediction is measured by rmsd. Recent studies 66, 67 suggest different metrics to characterize the local configurations in the predicted structures. We here also use the new metrics (INF) proposed by Parisien et al. 66 to test the accuracy of our predictions. The interaction network fidelity (INF) is used to evaluate the local base pairing configurations instead of the global architecture as captured by the rmsd. Hairpins. Hairpin is probably the most frequently occurring RNA structural motif. Extensive tests on Figures 2a and b show that our model is reliable for predicting the 3D structure of RNA hairpins for sequence length < 40 nts. Figures 3a and b show the predicted structures for two additional biologically important hairpins. The 29-nt hairpin (1nbr) plays a critical role in regulating iron levels through the binding with proteins. 68 Hairpin 2fdt is important for efficient retrotransposition. 69 Our calculation shows that the overall RMSDs for the two predicted structures are 2.0 Å and 2.2 Å, respectively.
Multihairpin Structures. Moloney Murine Leukemia Virus (MLV) RNA contains a conserved structural domain (nucleotides 278 to 374) that is essential for the genome packaging and virus replication. A structural study shows that the domain contains three stem loops (labeled SL-B, SL-C, and SL-D). 70 From the NMR measurement, SL-C and SL-D fold into a rigid 3D structure, while the orientation of SL-B is flexible. Here we apply our model to predict the rigid 3D structure of the domain that contains SL-C and SL-D. We find that the predicted 2D structure (Figure 4a) is consistent with the experimental data. 70 The predicted structure contains two adjacent stem loops (SL-C and SL-D). Based on the predicted 2D structure, we build the 3D structure using the above fragment-based method. The predicted 3D structure is in a good agreement with the experimental structure 70 (see Figure 4a) . The rmsd over all heavy atoms is 4.1 Å.
RNAÀRNA Complexes. The Vfold model has two unique advantages in predicting folding of RNAÀRNA complexes. First, it is based on the analytical (nonsimulational) calculation for the free energy and can predict large structural rearrangements of RNAs upon RNAÀRNA binding. Second, it can treat both intermolecular and intramolecular interactions (base pairs).
37
Previous tests for 2D structural predictions for RNAÀRNA binding indicate that our theory gives better predictions than other models. 37, 71 Here based on the 2D structures, we can predict the 3D structures for RNAÀRNA complexes.
Tests on systems of simple duplexes show reliable results (see Figure 2a) . In Figure 3c we show the predicted 3D structure and the experimental structure for a duplex (PDB code: 1dqf). 
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To go beyond the simple duplexes, we predict the 3D structure for the hammerhead ribozyme. 72 The predicted 2D and 3D structures (Figure 5a ) show good agreements with the experiment (PDB code: 1nyi). The overall rmsd between the predicted and the experimentally determined structures is 6.3 Å. Note that the predicted structure has the same global fold as the experimentally determined structure. For example, stems II and III stack coaxially to form a single quasi-continuous helical structure. Stem I splits off the quasi-continuous helical structure and branches toward stem II.
Pseudoknots. Pseudoknots play widespread functions in the control of viral replication 30, 73 and regulation of telomerase activity. 74 A simple H-type pseudoknot consists of two stems and two loops. Figure 2 shows that our model gives much improved prediction of the pseudoknot structures than FARNA algorithm and MC-Fold/MC-Sym pipeline. Figure 3d , e, and f shows the predicted structures of three frameshifting 30 pseudoknots (PDB codes: 437d, 2a43, 1yg4). The overall RMSDs for the three pseudoknots are 2.7 Å, 4.3 Å, and 4.5 Å, respectively.
Turnip Yellow Mosaic Virus (TYMV) RNA contains a unique pseudoknot structure at the 3 0 ends. Figure 4b shows the predicted 2D structure, which is in good agreement with the experiment. 75 The SE and SP values are equal to 1.0 and 0.92, respectively. The predicted 3D structure and the experimental structure (PDB: 1a60) are similar in the global shape such as the coaxial stacking between T arm and stem 1 (see Figure 4b) . The overall rmsd is 6.7 Å.
Larger RNAs. A functional RNA domain can contains a few hundreds of nucleotides. However, it is challenging to use Vfold to predict the tertiary structure of large RNAs (>100 nt) due to the computational time to sample the conformational ensemble. In this study, we attempt to predict the 3D tertiary structure of the 122-nt H. marismortui 5S rRNA. 25 The Vfold model gives a reliable prediction for the 2D structure (Figure 5b ) with SE and SP values equal to 0.97 and 0.90, respectively. From the 2D structure of E. coli 5S rRNA, 76 we find that U23, U24, G25, A56, and A57 forms an internal loop, labeled as Loop B in Figure 5b . Assuming the formation of the internal loop, we can get a better Figure 6 . The predicted free energy landscape for the folding of the complex of the DIS of HIV-1 (Lai) at room temperature. In the energy landscape, N and NN are the numbers of native and non-native base pairs, respectively. The free energy landscape shows two stable structures (I, II). The switch between the structures corresponds to a large structural rearrangement for the single stranded HIV-1 hairpin upon binding to each other. The RMSDs for the predicted extended duplex (PDB ID: 2gm0) and kissing complex (PDB ID: 1xpf) are 3.2 and 3.1 Å, respectively. In the calculation, the RMSDs are evaluated over all heavy atoms.
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We attribute the improvements from our model to several reasons. First, our method is based on a statistical mechanical calculation of the entropy and hence gives a more accurate estimation for the free energy. Second, unlike MC-Fold and FARNA models, our model can treat cross-linked loops (such as the loops in the BWYV pseudoknot "437d" in Table S3 ). Third, we select template structures for the whole-loop/junction rather than short piece-wise fragments of the junctions. Therefore, our approach can handle long-range effects in loop/junction conformations.
Low-Lying Structures in the Energy Landscape. The ultimate goal of our computational predictions is to predict not only the native structure but also the 3D structure of the local minima in the energy landscape. 29 The latter aim is much more difficult than the first since it requires complete sampling of the conformational ensembles. Unlike the bioinformatics-based methods, which may involve the problem of incomplete sampling, the physics-based method can treat complete conformational ensemble through the analytical theory for the conformational entropy. Thus, the theory can be used to predict the low-lying structures in the free energy landscape. Here we illustrate the computation for the free energy landscape by using two biologically significant systems (the DIS of HIV-1 (Lai) kissing complexes and the U2ÀU6 yeast spliceosomal snRNA complexes).
Dimerization Initiation Signal (DIS) of HIV-1 Strain Lai Kissing Complex. The predicted free energy landscape for the 2D structures shows two low-lying structures, corresponding to the two alternative structures (the extended duplex and the kissing complex); see Figure 6 for the free energy landscape and the predicted 3D structures. In the energy landscape, we find that the extended duplex and the kissing complex have the similar stability. The calculation shows that the free energies of the two structures are close to À28 kcal/mol at room temperature. The fractional populations of structures I and II are 45% and 55%, respectively. In the calculation, we estimate the loop entropy for the kissing complex using the Vfold model. The entropy change associated with the formation of the kissing loop is about ΔS ∼ 17.3 eu, corresponding to a free energy of TΔS = 4.3 kcal/mol. If we neglect the contribution of the kissing loop entropy and account only for the free energy of the helical stems, we would predict the kissing complex as the only stable state with a population of nearly 100%. We note that such a result is inconsistent with the experimental observations, which shows both the kissing complex and extended duplex structures.
77À79
The predicted single-stranded SL1 hairpin ( Figure 6 ) has been found in experiments to be the binding site for the DIS of HIV-1 (Lai) dimerization. 77 In order to form the extended duplex (I), hairpin SL1 is completely unzipped. We can predict the 3D structure of the extended duplex at 3.2 Å accuracy (PDB code: 2gm0). 78 Meanwhile, the formation of the kissing complex does not require unzipping the SL1 although there are local structural changes in the loop part of hairpin SL1. The rmsd for the predicted kissing complex is 3.1 Å (PDB code: 1xpf). 79 Catalytic Core Domain of U2ÀU6 Yeast Spliceosomal snRNA Complex. The Vfold-predicted free energy landscape for the 2D structures shows two minima, corresponding to two alternative (2D) structures: a four-way junction structure and a three-way junction structure. 37 The predicted 2D structures agree with the previously proposed structures from biochemical and structural studies. 31, 41, 42 The U2ÀU6 catalytic domain may undergo conformational switch between the two structures in the different stages of mRNA splicing. With the fragment-based model developed here, we can predict the 3D tertiary folds for the structures (Figure 7a and b) . In the predicted four-way junction structure, we find that U2 stem I forms coaxial stack with helix II, while U6 ISL and helix I stacks coaxially. The predicted structure is consistent with the experimentally observed tertiary interactions between U2 and U6. 80 We note that the structure adopts a similar topology as the hairpin ribozyme. 81 As shown in Figure 7b , structure II folds into a γ-shape junction similar to the junction structure in the hammerhead ribozyme, 72 where helix I and helix II form a quasicontinuous helical structure and the branch of U6 ISL folds toward helix II.
' CONCLUSIONS
We develop a physics-based de novo method to predict RNA 3D tertiary folds from the RNA sequence. Systematic benchmark tests of the model show that the model gives much improved predictions for the 3D structures, as summarized below.
1 For a wide range of of RNA motifs such as hairpin, duplex, pseudoknots, our model predicts 3D structures with a mean rmsd of about 3.5 Å. 2 For the complex pseudoknotted and junction structures such TYMV and hammerhead ribozyme, our model gives a medium rmsd 6.0 Å. The overall shape is in agreement with the experiments. 3 For a large RNA such as a 122-nt 5S rRNA domain, our prediction shows a rmsd about 7.4 Å. The predicted tertiary structure can give the correct orientation for the three helix stems. 4 The model can be used to predict the 3D structures for lowlying structures in the energy landscape. For example, the model can predict the structural changes during dimerization process for the dimerization initiation signal (DIS) of HIV-1 strain Lai. The prediction shows two alternative structures for the complex. In addition, for the catalytic core domain of yeast U2ÀU6 spliceosomal snRNA complex, the model can predict the 3D tertiary structures for the two alternative structures: a 4-way junction and a 3-way junction structure. For the 4-way junction structure, helix I and U6 ISL, U2 stem I and helix II form coaxial stacks. The improved accuracy in the structural prediction can be attributed to the physics-based calculation for the conformational entropy and free energy, especially for structures with crosslinked loops such as pseudoknots.
The current model can predict the structures of hairpins, twoway (see Figure 4) , three-way, four-way junction structures and the structures with cross-linked contacts such as the H-type pseudoknot and RNA kissing hairpins. In addition, the model can also predict structures with a mixture of secondary and pseudoknotted structures (see TYMV in Figure 4 ). In our 2D structure prediction model, tertiary interactions such loop-helix interactions in pseudoknots 82 and helixÀhelix coaxially stacking interactions 38 are accounted for. However, the model does not consider other more detailed tertiary contacts such as specific interactions between backbone/base atoms (e.g., A-minor motifs). For hierarchical folding of RNA structures, these detailed tertiary interactions, which are presumably consolidated after the formation of helices and loops, may not significantly alter the 2D structure. However, we note that tertiary contacts can cause large structural rearrangement for P5c stem in group I intron. 83 Thus, as a caveat, the current approach may not be effective for structures whose folding does not follow the hierarchical folding mechanism. Nevertheless, for nonhierarchically folded RNAs, we could use our Vfold model to find an ensemble of all the low-free energy 2D structures, which may include the native 2D structure. As a future study, it would be useful to investigate, for nonhierarchically folded RNAs, whether the model can capture the correct 3D native structure from the ensemble of the low-energy 2D structures. The specific tertiary contacts can be important for helix/loop 3D orientation and packing. As shown by our tests results, for a great variety of structures, these interactions can be accounted for by our 3D modeling method. First, the predicted cross-linked (pseudoknotted) loops would impose dramatic restriction on the orientational freedom of the helices/loops; second, for noncross-linked loops/junctions, such as the ones in multibranched loops, the fragment template and all-atom energy minimization may partially account for the specific tertiary contacts. For more complex folds, incorporating the detailed tertiary interactions from the known structural database 18, 84 into the physical theory (Vfold) without losing the rigor in physics and the efficiency in computation is the next step of the theory development. The current theory may provide a first step toward an ultimate allencompassing theory for RNA 3D structure prediction at ultimate degree of complexity and structural details.
The current theory involves several approximations that should be further examined and improved in the future studies. First, the current model cannot treat convoluted pseudoknots such as pseudoknots with pseudoknotted loops. Further developments of the 3D model should include a method to treat more complex structures such as the pseudoknotted structure in the internal ribosome entry site (IRES) of the cricket paralysis-like viruses. 26 Second, the current calculation assumes standard 1 M Na þ ionic solution condition. Future development of the theory should include an ion electrostatic theory to consider the ion effects, especially the Mg 2þ ion effects, on the folding free energy. 29 Third, we have neglected the tertiary contacts in loops in the 2D structure prediction stage. For a flexible loop, we use the coarse-grained Vfold model to generate multiple viable configurations through self-avoiding walks. However, due to noncanonical tertiary interactions, short internal loops and hairpin loops (such as a stable tetraloop) are often rigid. These interactions have been neglected in the 2D structural prediction. On the other hand, extensive tests reported by different laboratories 46, 85, 86 indicate that our loop entropy model gives better predictions for 2D structures than other more crude loop entropy models. Because these different models in comparison use the same thermodynamic parameters for the helices, the difference in the predictions comes from the different loop parameters. The test results suggest the importance of using accurate loop entropy.
The loop thermodynamic (free energy) parameter is determined by the difference between the loop state and the random coil state. For flexible loops, our Vfold-based loop model may give a reliable estimate for the loop entropy. For rigid loops, part of the noncanonical interactions (such as the single-strand base stacking) may partially cancel out when the difference between the loop and the coil is evaluated. In addition, intraloop tertiary interactions may be more pronounced for smaller loops. If the loop free energy contribution from a small loop to the global total free energy is not significant, the tertiary contacts in the small loops would not be strong enough to alter the global shape of the free energy landscape to cause rearrangements of the 2D structure. In that case, a 2D structures corresponds a basin in the free energy landscape while the tertiary contacts add more fine details to the free energy basin. Such coarse-grained free energy basins provide useful initial scaffolds for further detailed structural modeling. Further development of the theory should consider inclusion of the sequence-dependent tertiary contacts, such as more general loop-helix and loopÀloop interactions, 82 in loop free energy modeling.
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